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Rainfall data are a fundamental input for effective planning, designing and operating of water resources projects. A well-
designed rain gauge network is capable of providing accurate estimates of necessary areal average and/or point rainfall estimates
at any desired ungauged location in a catchment. Increasing network density with additional rain gauge stations has been the
main underlying criterion in the past to reduce error and uncertainty in rainfall estimates. However, installing and operation of
additional stations in a network involves large cost and manpower. Hence, the objective of this study is to design an optimal rain
gauge network in the Middle Yarra River catchment in Victoria, Australia. The optimal positioning of additional stations as well
as optimally relocating of existing redundant stations using the kriging-based geostatistical approach was undertaken in this
study. Reduction of kriging error was considered as an indicator for optimal spatial positioning of the stations. Daily rainfall
records of 1997 (an El Niño year) and 2010 (a La Niña year) were used for the analysis. Ordinary kriging was applied for rainfall
data interpolation to estimate the kriging error for the network. The results indicate that signiﬁcant reduction in the kriging error
can be achieved by the optimal spatial positioning of the additional as well as redundant stations. Thus, the obtained optimal rain
gauge network is expected to be appropriate for providing high quality rainfall estimates over the catchment. The concept
proposed in this study for optimal rain gauge network design through combined use of additional and redundant stations together
is equally applicable to any other catchment. © 2014 The Authors. Hydrological Processes published by John Wiley & Sons Ltd.
KEY WORDS rain gauge network; geostatistical analysis; ordinary kriging; kriging error; variogram modelling; Middle Yarra
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Rainfall data provide essential input for effective
planning, designing, operating and managing of water
resources projects. Rainfall data are employed in various
water resources management tasks such as water budget
analysis and assessment, ﬂood frequency analysis and
forecasting, streamﬂow estimation, and design of hydraulic
structures. A reliable rain gauge network can provide
immediate and precise rainfall data that are crucial for
effective and economic design of hydraulic structures for
ﬂood control. This helps to minimize the hydrological and
economic risk involved in different water resources projects.
Rain gauge networks are usually installed to facilitate the
direct measurement of rainfall data that characterize the
spatial and temporal variations of local rainfall patterns in a
catchment. A rain gauge network should be denser thanorrespondence to: Sajal Kumar Adhikary, College of Engineering and
ence, Victoria University, PO Box 14428, Melbourne, Victoria 8001, Australia.
ail: sajal.adhikary@live.vu.edu.au
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tribution in any medium, provided the original work is properly cited, thnetworks used to measure other meteorological elements
(e.g. temperature), because the highly variable rainfall
patterns and its spatial distribution cannot be represented
effectively without having a network of enough spatial
density (Pardo-Igúzquiza, 1998). A well-designed rain
gauge network thus should contain a sufﬁcient number of
rain gauges, which reﬂect the spatial and temporal
variability of rainfall in a catchment (Yeh et al., 2011).
Hydrologists are often required to estimate areal average
rainfall over the catchment and/or point rainfall at
unsampled locations from observed sample measurements
at neighbouring locations. This task can be accomplished
accurately with an optimally designed rain gauge network
and is, therefore, regarded as an indispensable component
of any hydrological study. However, the rain gauge
network used in most of the hydrological studies are often
sparse and thus incapable of providing adequate rainfall
estimates necessary for effective hydrological analysis and
design of water resources projects. Use of inaccurate
rainfall data may result in signiﬁcant design errors in the
water resources projects, which may eventually result in
the immeasurable loss of lives and property damages.ons Ltd.
ttribution-NonCommercial-NoDerivs 4.0 License, which permits use and
e use is non-commercial and no modiﬁcations or adaptations are made.
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conﬁguration having optimal number and locations of rain
gauge stations is the sole objective of the network design.
Hence, the optimal rain gauge network should contain the
number and locations of rain gauge stations in such a way
that it can yield optimum rainfall information with
minimum uncertainty and cost (Kassim and Kottegoda,
1991; Basalirwa et al., 1993; Pardo-Igúzquiza, 1998). One
can approach the problem either by eliminating redundant
stations from the network to minimize the cost or by
expanding the network with installation of additional
stations to reduce the estimation uncertainty (Mishra and
Coulibaly, 2009).
The design of hydrometric networks is a well-identiﬁed
problem in hydrometeorology (Mishra and Coulibaly, 2009),
which has received considerable attention from the
researchers for many years. Because hydrometric network
design is associated with myriad concerns, many approaches
have been developed for optimal network design. Among
others, one type of approach is a kriging-based geostatistical
approach that ﬁnds wide applications in the rain gauge
network design. An important feature of this approach is the
provision of kriging error that forms the basis for the rain
gauge network design. Optimal network conﬁguration can be
achieved by minimizing the kriging error that involves a
process of methodical search to ﬁnd an optimal combination
of the appropriate number and locations of stations producing
the minimum kriging error. More detailed information about
kriging-based geostatistics can be found in the literature
(Isaaks and Srivastava, 1989; Webster and Oliver, 2007). In
many studies, the kriging technique alone was employed for
the rain gauge network design (Shamsi et al., 1988; Kassim
and Kottegoda, 1991; Loof et al., 1994; Papamichail and
Metaxa, 1996; Tsintikidis et al., 2002; Cheng et al., 2008).
However, some studies applied the kriging technique in
combination with other techniques such as entropy
(Yeh et al., 2011; Chen et al., 2008) and multivariate
factor analysis (Shaghaghian and Abedini, 2013) for the
network design. In those studies, the sole function of the
kriging was to generate rainfall data by interpolation in
locations where prospective stations might be installed,
whereas entropywas used tomeasure the information content
of each station, and the factor analysis along with clustering
technique was used to prioritize stations in terms of
information content, respectively. Although in most of the
past studies, trial-and-error procedure was used to minimize
the kriging error, a few studies combined optimization
method based on simulation tools (e.g. simulated annealing)
with the kriging technique (Pardo-Igúzquiza, 1998; Barca
et al., 2008; Chebbi et al., 2011) to obtain the optimal rain
gauge network.
Four different objectives are usually considered with
regard to optimal rain gauge network design and
assessment by the kriging-based geostatistical approach:© 2014 The Authors. Hydrological Processes published by John Wiley & S• Expanding the existing rain gauge network with
additional stations to achieve appropriate network density
for the reduction of estimation uncertainty (Loof et al.,
1994; Papamichail and Metaxa, 1996; Tsintikidis et al.,
2002; Barca et al., 2008; Chebbi et al., 2011).
• Identifying andestablishing theoptimal locationof additional
rain gauge stations in the network to improve the estimation
accuracy (Pardo-Igúzquiza, 1998; Chen et al., 2008).
• Prioritizing the rain gauges with respect to their contribu-
tion in error reduction in the network (Kassim and
Kottegoda, 1991; Cheng et al., 2008; Yeh et al., 2011).
• Choosing an optimal subset of stations from an existing
dense rain gauge network to achieve optimum rainfall
information (Shaghaghian and Abedini, 2013).
Expansion of the existing network by adding supplemen-
tary stations has been themain underlying criterion to achieve
the optimal network in most of the past studies. However, the
placement and adjustment of stations signiﬁcantly inﬂuence
the quality of the obtained hydrological variable in a network
(Yeh et al., 2011). Furthermore, an existing network may
consist of redundant stations (Mishra and Coulibaly, 2009)
that may make little or no contribution to the network
performance for providing quality data. Therefore, the
optimal positioning of both additional and redundant stations
linked to the existing rain gauge network constitutes the main
scope of this paper. Hence, the objective of this study is to
design an optimal rain gauge network through optimal
positioning of additional stations as well as optimally
relocating of existing redundant stations using the kriging-
based geostatistical approach.
A network design methodology was developed in this
study to determine optimal locations of the additional stations
and existing redundant stations in the current rain gauge
network located in the Middle Yarra River catchment in
Victoria, Australia. The procedure involves a methodical
search for the optimal number and locations of rain gauge
stations in the network thatminimize the kriging error of areal
and/or point rainfall estimates over the catchment. The
methodology presented in this paper is in line with that of
Loof et al. (1994) who used the kriging-based geostatistical
approach to determine the optimal location of additional rain
gauge stations in the existing network by using only a
selected variogram (e.g. exponential) model. The major
contribution here is that unlike the work of Loof et al. (1994),
the developedmethodology considered the likely presence of
the redundant stations within the existing network along with
the additional stations to obtain the optimal rain gauge
network. Furthermore, the use of a selected variogrammodel
in kriging may not give appropriate results for all types of
catchments depending on the rainfall and catchment
characteristics. Therefore, instead of using a selected
variogram model in the kriging, the best ﬁtted variogram
model from a set of commonly used variogram models inons Ltd. Hydrol. Process. (2014)
DOI: 10.1002/hyp
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network design. The best variogram model was chosen for
the kriging applications on the basis of different goodness-of-
ﬁt criteria and cross-validation statistics.
The rest of the paper has been organized as follows.
First, details of the study area and datasets used are
presented, which is followed by the methodology. The
results are summarized next and ﬁnally, the conclusions
are drawn.STUDY AREA AND DATA DESCRIPTION
The study area
Themiddle segment of the Yarra River catchment located
in Victoria, Australia, is selected as the case study
catchment. Approximate location of the catchment is shown
in Figure 1. The water resources management is an
important and complex issue in the Yarra River catchment
because of its wide range of water uses as well as its
downstream user requirements and environmental ﬂow
provisions (Barua et al., 2012). The catchment is home to
more than one-third of Victoria’s population (approximately
1.5 million) and native plant and animal species, where the
Yarra River acts as the only lifeline. Although the Yarra
River catchment is not large with respect to other Australian
catchments, it produces the fourth highest water yield per
hectare of the catchment in Victoria, making it a very
productive catchment (Melbourne Water, 2013). The YarraFigure 1. Yarra River catchment showing
© 2014 The Authors. Hydrological Processes published by John Wiley & SRiver has thus played a key role in the way Melbourne has
developed and grown.
The catchment lies north and east of Melbourne
covering an area of 4044km2. The Yarra River travels
about 245 km from its source, on the southern slopes of
the Great Dividing Range in the forested Yarra Ranges
National Park, and runs through the catchment into the
end of its estuary, at Port Phillip Bay. There are seven
storage reservoirs located within the catchment (Figure 1)
that support water supply to Melbourne. Because of the
diversity of water use activities and signiﬁcant changes in
the rainfall patterns, pressure upon the water resources
management has become more intense in the catchment
(Barua et al., 2012).
The Yarra River catchment is divided into three
distinctive subcatchments, namely, Upper Yarra, Middle
Yarra and Lower Yarra segments (Barua et al., 2012)
based on the different land use patterns (Figure 1). Forest,
agricultural and urban areas are the major land use
patterns of the catchment (Sokolov and Black, 1996). The
Upper Yarra segment of the catchment, beginning from
the Yarra Ranges National Park to the Warburton Gorge
at Millgrove, consists of mainly forested and mountainous
areas with minimum human settlement. This segment is
used as a closed water supply catchment for Melbourne,
and about 70% of Melbourne’s drinking water supply
comes from this pristine upper segment. Thus, it has been
reserved for more than 100 years for water supply
purposes (Barua et al., 2012; Melbourne Water, 2013).
The Middle Yarra segment, from the Warburton Gorge tothe study area with rain gauge stations
ons Ltd. Hydrol. Process. (2014)
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catchment with an extensive ﬂood plain, which is mainly
used for agricultural activities. The Lower Yarra segment
of the catchment, located downstream of Warrandyte, is
mainly characterized by the urbanized ﬂoodplain areas of
Melbourne city. Most of the land along rivers and creeks
in the Middle and Lower segments of the catchment has
been cleared for the agricultural or urban development
(Melbourne Water, 2013).
The management of water resources in the Yarra River
catchment is of great importance considering the greater
variation of the rainfall patterns through its different
segments. The mean annual rainfall varies across the
catchment from about 1100mm in the Upper Yarra segment
to 600mm in the Lower Yarra segment (Daly et al., 2013).
TheMiddleYarra segment (case study area) covers an area of
1511km2 (Figure 1). The area consists of three reservoirs,
namely, Maroondah, Silvan and Sugarloaf reservoirs, that
supportswater supply for a range of activities including urban
and agricultural activities. The main intention of improving
reservoir operation in Australia is to store as much water as
possible for satisfying the water demand during shortage of
streamﬂows while keeping provision for ﬂood control during
excess streamﬂows (Melbourne Water, 2013). Decreasing
rainfall patterns will reduce the streamﬂows, which in turn
will lead to the reduction in reservoir inﬂows and hence
impact the overall water availability. Moreover, the reduced
streamﬂows may cause increased risk of bushﬁres in the
catchment. However, increasing rainfall patterns and the
occurrence of extreme rainfall events will result in excess
amount of streamﬂows that may cause ﬂash ﬂoods in the
urbanized lower segment of the catchment and make it
vulnerable and risk prone. The urbanized Lower segment of
the catchment is also dependent on the water supply from the
storage reservoirs mainly located in the middle and upper
reaches of the catchment. Accurate rainfall information in the
Middle and Upper segments of the Yarra River catchment is
essential to determine the future streamﬂows accurately for
optimal reservoir operation and effective ﬂood control in the
lower segment. Therefore, the design of an optimal rain
gauge network has great importance for the Middle Yarra
River catchment.Dataset used
There are 19 (number 1 to 19 in Figure 1) rain gauge
stations in the study area (Middle Yarra River catchment),
which are currently operated andmaintained by theBureau of
Meteorology (BoM), Australia. Among those, two stations,
namely, Monbulk (Spring Road) (station 18) and Ferny
Creek (station 19), were installed by BoM in 2011 (Figure 1
and Table I). The rain gauge network in this study thus
consisted of 17 stations before 2011 (will be called as the
network before 2011 in this paper) and consists of 19 stations© 2014 The Authors. Hydrological Processes published by John Wiley & Safter 2011 (will be called as the network after 2011 in this
paper). The objective of this paper is to determine the optimal
location of the two new additional stations (stations 18 and 19)
in the network after 2011 as well as the existing redundant
stations in the network before 2011.
Daily rainfall data for all 19 stations in the rain gauge
network of the Middle Yarra River catchment were collected
from the SILO climate database for the period of 1980–2012.
The SILO database (http://www.longpaddock.qld.gov.au/silo/)
has been selected for this study because SILOdata are free from
missing records. This database allows ﬁlling up the missing
recordsbasedon its own interpolation algorithmusing available
records in the surrounding stations (Jeffrey et al., 2001).
Several studies reported that the rainfall variability in the
eastern parts ofAustralia (including the study area) is strongly
inﬂuenced by the El Niño Southern Oscillation (ENSO)
phenomenon (Allan, 1988; Nicholls and Kariko, 1993;
Murphy and Ribbe, 2004; Dutta et al., 2006; Chowdhury and
Beecham, 2010; Mekanik et al., 2013). The ENSO is
quantitatively deﬁned by the Southern Oscillation Index
(SOI) that divides ENSO into El Niño and La Niña
phenomena. The El Niño phenomenon is a persistent
negative value of the SOI, which usually corresponds to a
decrease in rainfall. The La Niña phenomenon is the reverse
process of El Niño and is responsible for causing more
rainfall than normal (Chowdhury and Beecham, 2010). The
spatial variability of rainfall caused by ENSO effect was
considered for the design of the rain gauge network in this
study by considering daily rainfall records of one El Niño and
one La Niña year.
The SOI data were obtained from BoM for the period of
1980–2012. It was found that maximum negative SOI
occurred in the year 1997 for the El Niño period, whereas
maximum positive SOI occurred in the year 2010 for the La
Niña period. Therefore, daily rainfall data of 1997 (El Niño)
and 2010 (LaNiña)were selected for the rain gauge network
design in this study. Use of rainfall records from the selected
years for El Niño and La Niña periods in the network design
will be a better representation of the high rainfall variability
experienced in the Middle Yarra River catchment. The
statistics of daily rainfall data at different rain gauge stations
for the selected El Niño and La Niña years are given in
Table I.METHODOLOGY
A rain gauge network design methodology was developed
in this study using the kriging-based geostatistical
approach. The framework of the developed methodology
is composed of the following three steps:
1. Data preparation and transformation – Performing explor-
atory data analysis and normality test for the observed data.ons Ltd. Hydrol. Process. (2014)
DOI: 10.1002/hyp








El Niño year La Niña year
Mean SDb Mean SDb
1 86142 Toolangi (Mount St Leonard DPI) 595 2.418 5.395 4.343 12.601
2 86366 Fernshaw 210 2.057 4.887 3.759 8.499
3 86009 Black Spur 567 2.504 6.228 4.461 11.069
4 86070 Maroondah Weir 174 1.787 4.125 3.508 7.385
5 86385 Healesville (Mount Yule) 100 1.477 3.488 3.759 8.499
6 86363 Tarrawarra 124 1.414 3.827 3.119 7.343
7 86364 Tarrawarra Monastery 100 1.392 3.540 2.656 6.516
8 86219 Coranderrk Badger Weir 360 2.255 5.167 3.708 8.048
9 86383 Coldstream 83 1.425 3.444 2.813 6.685
10 86229 Healesville (Valley View Farm) 156 1.725 3.807 3.134 6.716
11 86367 Seville 181 1.685 3.818 3.029 6.392
12 86358 Gladysdale (Little Feet Farm) 295 2.140 4.681 4.056 8.949
13 86094 Powelltown DNRE 189 2.481 5.373 4.048 9.685
14 86059 Kangaroo Ground 183 1.449 3.466 2.684 6.704
15 86066 Lilydale 130 1.492 3.662 2.922 6.915
16 86076 Montrose 170 2.529 5.726 3.202 6.917
17 86106 Silvan 259 2.193 5.063 3.299 7.261
18 86072 Monbulk (Spring Road) — 2.270 4.929 4.140 8.934
19 86266 Ferny Creek 513 2.285 4.895 4.640 9.581
BoM, Bureau of Meteorology.
a Station numbers are same as in Figure 1.
b SD – standard deviation of daily rainfall records.
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includes ﬁtting and selection of appropriate variogram
models, performing kriging interpolations and estimation
of the kriging error.
3. Rain gauge network design – This step involves
exploring the existing rain gauge network for ﬁnding
appropriate locations for additional stations and remov-
ing and/or relocating redundant stations to reduce kriging
error in the network to achieve the best network output.
Each of the three steps is discussed in detail in the
following subsections.
Data preparation and transformation
The normal distribution of data is a basic requirement of
the kriging-based geostatistical approach (Barca et al., 2008).
Kriging assumes that the data come from a stationary
stochastic process. Kriging leads to an optimum estimator
and yields best results when the data are normally
distributed. Thus, the inconsistency present in observed
datasets should be identiﬁed and ﬁxed in the beginning
before going for the model development and analysis. To
accomplish this, the exploratory data analysis (i.e. detection
and removal of trends and outliers, performing the normality
test for the observed data and applying the data transfor-
mation for non-normal datasets) was undertaken. Transfor-
mation of the inconsistent data is very useful to make it© 2014 The Authors. Hydrological Processes published by John Wiley & Ssymmetrical, linear and constant in variance. The log
transformation is often used for hydrological data that have
skewed or non-normal distributions. After employing the
log transformation on the observed data, the skewness of the
transformed data becomes close to zero, and the data follow
the normal distribution (Johnston et al., 2001). In this study,
the log transformation was applied for data transformation
when datasets could not satisfy the normal distribution
hypothesis.
Once the data transformation is completed, the
transformed data must be tested to check whether the
evidence is sufﬁcient to accept the normal distribution
hypothesis. A statistical test known as Kolmogorov–
Smirnov (K–S) test was applied for this purpose, because
it is a simple and straightforward test to check the
normality. Details of the K–S test can be found in
McCuen (2003). Further investigation can be performed
for the normal distribution through the visual examination
of quantile–quantile (Q–Q) plot and skewness coefﬁcients
obtained from the observed data (Johnston et al., 2001).
Data were accepted as normally distributed if most of the
transformed data in the Q–Q plot were laid on or very
close to a straight line, and skewness coefﬁcients of the
transformed data were reduced or close to zero. After
transforming and testing of all observed datasets for the
normal distribution, resulting datasets were used for the
variogram modelling and kriging interpolation.ons Ltd. Hydrol. Process. (2014)
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The kriging technique requires an appropriate
variogram model that deﬁnes the spatial structure of the
observed data in the computation process. Initially, an
experimental variogram from the observed data is
derived. A functional variogram model is then ﬁtted to
the experimental variogram. The obtained variogram
model contains necessary information to be used in
kriging interpolation of observed data. Fitting and
selection of appropriate variogram model can be
accomplished through the variogram modelling tech-
nique. Once a proper variogram model is chosen for the
observed dataset, kriging is employed for the generation
of interpolated surfaces and the estimation of the
corresponding kriging error.
Variogram modelling. The degree of spatial depen-
dence is generally expressed by a variogram model in
kriging. A variogram is a mathematical function of the
distance and direction separating two locations used to
quantify the spatial autocorrelation in regionalized
variables (RVs). An RV is a variable that can take values
according to its spatial location. Variogram modelling is a
process of developing relationship among sampling
locations to quantify the variability associated with RV.
Variogram function is a key tool for the kriging method
and frequently employed to exercises that involve
estimating desired values at new unsampled locations
based on observed values at neighbouring locations.
The kriging method requires a theoretical variogram
function that is to be ﬁtted with an experimental
variogram of the observed data. The experimental
variogram, γ(h), is calculated from the observed data as
a function of the distance of separation, h, and is given by
γ hð Þ ¼ 1
2N hð Þ ∑
N hð Þ
i¼1
Z xi þ hð Þ  Z xið Þ½ 2 (1)
where N(h) is the number of sample data points separated
by a distance h; xi and (xi +h) represent sampling
locations separated by a distance h; Z(xi) and Z(xi+h)
indicate values of the observed variable Z, measured at
the corresponding locations xi and (xi+h), respectively.
The theoretical variogram function, γ * (h), allows the
analytical estimation of variogram values for any distance
and provides the unique solution for weights required for
kriging interpolation. Several variogram models are
possible depending on the shape of the variogram
function that include exponential, gaussian, spherical,
circular, linear, K-bessel, J-bessel, rational quadratic,
stable and hole effect models (Johnston et al., 2001;
Webster and Oliver, 2007). However, exponential,
gaussian and spherical variogram models are mostly used


















where C0, a and (C0+C1) represent nugget, range and sill,
respectively, commonly called as variogram parameters.
These parameters describe a variogram model and hence
affect the kriging computation. Nugget represents measure-
ment error and/or microscale variation at spatial scales that
are tooﬁne to detect and is seen as a discontinuity at the origin
of the variogram model. Range is a distance beyond which
there is little or no autocorrelation among variables. Sill is the
constant semivariance of the RV beyond the range.
For variogram modelling, three isotropic theoretical
variogram functions (i.e. exponential, gaussian and spherical
models) were ﬁtted to the experimental variogram ignoring
directional inﬂuencesandassuming isotropic condition. Isotropy
is a property in which direction is unimportant and the spatial
dependence or autocorrelation changes only with the distance
between two locations. The corresponding variogram parame-
ters of the theoretical models were inferred on the basis of
the experimental variogram. Manual (visual) and automatic
ﬁtting methods (ESRI, 2009) were applied to obtain the best
ﬁtted parameters for variogram models. The variogram
parameters (nugget, sill and range coefﬁcients) were
iteratively changed to obtain the best ﬁtted model. The best
model was selected on the basis of the coefﬁcient of
determination (R), residual sum of square (RSS), root mean
square error (RMSE) and mean absolute error (MAE)
values. The variogram model that gave the highest R with
the lowest RSS, RMSE and MAE values was chosen for
kriging interpolation.
Kriging interpolation. Kriging is an optimal surface
interpolation technique based on spatially dependent
variance. Kriging refers to a family of generalized least-
square regression methods in geostatistics. It is the best
linear unbiased estimator of unknown variable values at
unsampled locations in space, where no measurements are
available based on the known sampling values from
surrounding area (Isaaks and Srivastava, 1989; Webster
and Oliver, 2007). Ordinary kriging (OK) technique from
the family of the classical geostatistical methods was used in
this study for interpolation of the rainfall data and estimation
of the kriging error. The kriging estimator is expressed as
Z x0ð Þ ¼ ∑
n
i¼1
wiZ xið Þ (5)ons Ltd. Hydrol. Process. (2014)
DOI: 10.1002/hyp
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location x0; wi represents weights associated with the
observation at the location xiwith respect to x0; and n indicates
the number of observations within the domain of search
neighbourhood of x0 for performing the estimation of Z
*(x0).
The kriging variance, σ2z x0ð Þ , in the OK can be
computed by Equation (6) as
σ2z x0ð Þ ¼ μz þ ∑
n
i¼1
wiγ h0ið Þ for∑
n
i¼1
wi ¼ 1 (6)
where γ(h) is the variogram value for the distance h; h0i is
the distance between observed data points xi and xj; μz is
the Lagrangian multiplier in the Z scale; h0j is the distance
between the unsampled location x0 (where estimation is
desired) and sample locations xi; and n is the number of
sample locations.
When a log transformation is applied to data, OK is
converted to log-normal kriging (LNK). The log-
transformed predicted values obtained in the LNK are
then back-transformed to its original states. However, the
back-transformed values are biased predictor (Johnston
et al., 2001). Therefore, the kriging variance, σ2z x0ð Þ, in
the LNK is obtained by Equation (7), which is derived
from the unbiased expression of the LNK estimator given
by Cressie (1993):





where Z*(x0) refers to the estimated value of Z at desired
location x0 and σ2y x0ð Þ is the LNK error in Y scale. The
square root of the kriging variance is termed as the
kriging standard error (KSE) that forms the basis for the
rain gauge network design and evaluation.Performance assessment of variogram models. The
ﬁnal form of the theoretical variogram model for kriging
applications was selected on the basis of the results of a
validation scheme known as the cross-validation proce-
dure. Cross-validation is a simple leave-one out validation
procedure (Haddad et al., 2013) that involves eliminating
the data values individually one by one from the observed
data and then predicting each data value by using the
remaining data values. This validation scheme helps to
evaluate the prediction performance of kriging by
comparing observed and estimated values. Cross-
validation statistics serves as diagnostics to demonstrate
whether the performance of the adopted model is
acceptable. The statistics are used to check whether the
prediction is unbiased, as close as possible to the
measured value, and the variability of the prediction is
correctly assessed. Model performances were evaluated
on the basis of the following cross-validation parameters
(Johnston et al., 2001):© 2014 The Authors. Hydrological Processes published by John Wiley & S• The mean standardized prediction error (MSS) was
used to check if the model is unbiased and should be
close to zero for unbiased estimates (the closer the
MSS values to zero, the better the performance of
the model).
• The root mean square prediction error (RMSE) was
used to check whether the prediction is close to the
measured values (the smaller the RMSE value, the
closer the prediction is to the measured value).
• The variability of the predicted data was assessed in two
ways; ﬁrst, by comparison of the RMSE and average KSE
values. If RMSE and KSE values are closer, this indicates
that the variability in the prediction is correctly assessed.
Second, the variabilitywas assessed by the rootmean square
standardized (RMSS) prediction error. If the root mean
square standardized value is close to one, then the estimation
variances are consistent and the variability of the prediction
is correctly assessed. If it is greater than one, then it is
underestimated, and otherwise, it is overestimated.
Rain gauge network design
An optimal rain gauge network should neither suffer from
lack of rain gauge stations nor be oversaturated with
redundant rain gauge stations. A typical procedure of rain
gauge network design has to look for a combination among
all rain gauge stations in such a way that minimizes the
estimation variance and/or maximizes the information
content for the observed data. This can be achieved either
by optimal positioning of additional and redundant stations
or simply removing redundant stations that forms the scope
of this paper. The variance reduction approach under the
kriging-based geostatistical approach was used for the rain
gauge network design in this study. Reduction of the kriging
error was considered as an indicator to achieve the optimal
network. The underlying principle is that optimal positioning
of additional as well as redundant stations in high variance
zones will reduce the kriging error in the network and hence
improve the network performance. Applying this principle
repeatedly, a certain stage will come when the optimal
combination of existing and additional stations can be
obtained that yield high network performance to form the
optimal rain gauge network. It is important to note that
topographic effects (elevation) can be used as a secondary
variable in kriging process in the form of co-kriging
(Goovaerts, 2000; Mair and Fares, 2011; Feki et al., 2012).
However, this variable was not considered in the current
study for the kriging interpolation and network design
because it is beyond the scope of this study. The following
sequential stepswere used for the rain gauge network design:
1. Perform variogram modelling and kriging analysis for
the network before 2011 (BoM’s base network)
consisting of 17 stations and computation of the
kriging error (KSEOld).ons Ltd. Hydrol. Process. (2014)
DOI: 10.1002/hyp
Table II. Summary of skewness values and normality test for mean daily rainfall data
Year/period
Rain gauge network used(no.
of rain gauge stations)
Skewness
K–S*Without transformation With log transformation
El Niño year Network before 2011 (n= 17) 0.1740 0.0408 0.1855
Network after 2011 (n= 19) 0.0442 — 0.1728
La Niña year Network before 2011 (n= 17) 0.3075 0.1102 0.1145
Network after 2011 (n= 19) 0.2045 0.0067 0.1169
*K–S: Kolmogorov–Smirnov statistic value.
KS17, 0.05 = 0.3180.
KS19, 0.05 = 0.3010.
Figure 2. Fitted variogram models for mean daily rainfall of (a) El Niño year and (b) La Niña year for the network before 2011 (Bureau of Meteorology’s
base network with 17 rain gauge stations)
S. K. ADHIKARY, A. G. YILMAZ AND N. MUTTIL2. Consider the network after 2011 (BoM’s augmented
network) consisting of 19 stations and again perform
variogram modelling and kriging analysis to estimate
the corresponding kriging error (KSENew).
3. Compute the relative error (RE) reduction to check the
network performance for error reduction as© 2014 The Authors. Hydrological Processes published by John Wiley & SRE %ð Þ ¼ KSEOld  KSENew
KSEOld
100 (8)
4. Generate KSE map for the network after 2011 (BoM’s
augmented network) and identify high variance zones
in the KSE map. Locate additional stations directly inons Ltd. Hydrol. Process. (2014)
DOI: 10.1002/hyp
OPTIMAL RAIN GAUGE NETWORK DESIGN IN THE MIDDLE YARRA RIVER CATCHMENThigh variance zones, whereas remove redundant
stations are from low variance zones and locate them
in high variance zones in the KSE map.
5. Locate either a single rain gauge or a set of rain gauges
in high variance zones of the KSE map from the group
of additional and redundant stations. Calculate the
corresponding RE each time (repeat steps two to four).
It is worth noting that redundant stations were
identiﬁed from the network before 2011, and additional
stations were considered from the network after 2011.
6. Plot RE values against various combinations of
existing and additional rain gauge stations.
7. Select the combination that gives the maximum RE
value indicating the optimal location of rain gauge
stations and thus yield the optimal rain gauge network.
RESULTS AND DISCUSSION
Data preparation and transformation
Kriging-based geostatistical interpolation methods lead
to optimum estimators when data values are normallyFigure 3. Fitted variogram models for mean daily rainfall of (a) El Niño year
augmented network with
© 2014 The Authors. Hydrological Processes published by John Wiley & Sdistributed. Thus, the goodness of ﬁt of the normal
distribution was ﬁrst investigated for rainfall datasets.
Exploratory data analysis and visual inspection of Q–Q
plots for rainfall datasets were performed to explore the
normal distribution hypothesis. Skewness values of the
histograms obtained in the exploratory data analysis were
used initially to check whether the rainfall data could
approach the normal distribution. If the skewness values
are close to zero, this means that data are free from
skewness and thus ﬁt the normal distribution. The
skewness values of observed mean daily rainfall data
for El Niño and La Niña years are shown in Table II.
The results indicate that data are positively skewed and
corresponding skewness values are not close to zero in all
cases except the network after 2011 during El Niño year.
This means that they do not follow a normal distribution
and appropriate transformation is necessary to make them
normally distributed. Log transformation was applied to
those positively skewed datasets, and histograms were
formed again. Skewness values for obtained histograms
of log-transformed datasets are also listed in Table II. It isand (b) La Niña year for the network after 2011 (Bureau of Meteorology’s
19 rain gauge stations)
ons Ltd. Hydrol. Process. (2014)
DOI: 10.1002/hyp
S. K. ADHIKARY, A. G. YILMAZ AND N. MUTTILseen that the log transformation has greatly reduced the
skewness values close to zero, and hence, transformed
datasets can be treated as normally distributed.
Fitting of normal distribution for all rainfall datasets was
conﬁrmed by the K–S test with a 5% signiﬁcance level.
Datasets were accepted as normally distributed (i.e. null
hypothesis was accepted) if the K–S test statistic value was
less than the corresponding critical value (KS17=0.3180
and KS19= 0.3010) for the 5% level of signiﬁcance. In the
current study, the null hypothesis is deﬁned as the
condition that indicates datasets are normally distributed.
It is evident from Table II that the null hypothesis of both
non-transformed and transformed datasets normality
cannot be rejected at the 0.05 level of signiﬁcance, and
thus, K–S test has accepted the normal distribution in the
95% conﬁdence level. By considering the exploratory data
analysis and K–S test results, it can be concluded that all
positively skewed rainfall datasets approach a normal
distribution after applying the log transformation.Variogram models for rainfall datasets
In the variogram modelling process, an experimental
variogram was ﬁrst computed by using Equation (1) basedFigure 4. Kriging standard error (KSE) map for (a) El Niño year and (b) La N
redundant stations (stations 5 and 6) in th
© 2014 The Authors. Hydrological Processes published by John Wiley & Son normally distributed rainfall datasets. The binning
process that deﬁnes average values of variance in several
distance lags was followed in computing the experimental
variogram. A lag represents a line vector that separates any
two sample locations and thus has length (distance) and
direction (orientation). In the experimental variogram
computation, a lag size of 2.835km equals to the minimum
interstation distance, and a total of 8 lag intervals that covers
half of the maximum interstation distance were used
(Johnston et al., 2001; Webster and Oliver, 2007). Three
variogram functions, namely, exponential, gaussian and
spherical models described by Equations (2)-(4), were
ﬁtted to the experimental variogram. For simplicity of
modelling, effect of anisotropy on variogram parameters
was ignored, and isotropy was assumed. Because of the
less number of stations in the network, formation of
directional variograms gave only few data pairs that were
too chaotic to form directional variogram. Therefore,
directional inﬂuence was ignored, and isotropic
variogrammodel was ﬁtted to the experimental variogram
in all cases.
Figures 2 and 3 show the computed experimental and
ﬁtted variogram models with corresponding variogram
parameters and goodness-of-ﬁt measures for rainfalliña year with trial locations of additional stations (stations 18 and 19) and
e high variance zones of the KSE map
ons Ltd. Hydrol. Process. (2014)
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OPTIMAL RAIN GAUGE NETWORK DESIGN IN THE MIDDLE YARRA RIVER CATCHMENTdatasets of El Niño and La Niña years for the network
before 2011 and network after 2011, respectively. As
seen in Figures 2 and 3, the gaussian model gives the
highest R value and lowest RSS, RMSE and MAE
values for both El Niño and La Niña years and was,
therefore, selected as the best variogram model. The
computed cross-validation statistics for all models
indicate that the gaussian variogram model satisﬁes
the unbiased and consistent estimates of variances for
all four rainfall datasets in El Niño and La Niña years
for the network before 2011 and network after 2011,
respectively, and thus applicable for the kriging
analysis. Therefore, it can be concluded that the
gaussian variogram model and the corresponding
parameters are adequate to describe the spatial structure
of the observed rainfall data.Kriging of rainfall datasets
In this study,OKwas implemented throughArcGISv9.3.1
software (Redlands, CA, USA) (ESRI, 2009) and its
geostatistical analyst extension (Johnston et al., 2001). OK







Case-1: Optimal positioning of new additional stations (stations 18
1 Station 18 18A
2 Station 18 18B
3 Station 18 18C
4 Station 19 19D
5 Station 19 19E
6 Station 19 19 F
7 Station 18 18A
Station 19 19D
8 Station 18 18A
Station 19 19E
9 Station 18 18A
Station 19 19 F
10 Station 18 18B
Station 19 19D
11 Station 18 18B
Station 19 19F
12 Station 18 18C
Station 19 19E
Case-2: Relocating and optimal positioning of redundant stations (s
13 Station 5 5P
14 Station 6 6Q
15 Station 5 5P
Station 6 6Q
KSE, kriging standard error.
a Station numbers are the same as Figure 1.
b Station locations are shown in Figure 4.
© 2014 The Authors. Hydrological Processes published by John Wiley & Sthe modelled variograms to estimate the kriging error.
However, in case of log-transformed rainfall datasets, LNK
was performed, and back-transformed values were used to
estimate the kriging error. For log-transformed datasets,
predicted values computed by kriging were automatically
back-transformed to the original values before a map was
produced by the ArcGIS software (Johnston et al., 2001).
Figure 4 shows the kriging error (KSE) map produced by
kriging interpolation for the network after 2011 during El
Niño and La Niña years, respectively.
Figure 4 demonstrates that less gauge density exists in the
eastern and south-eastern part of the Middle Yarra River
catchment where high variance zones are observed. It is seen
that locations near existing stations have lower KSE values,
whereas higherKSE values can be found in areas having less
or no rain gauge stations. For example, areas having stations
4, 5, 6 and 7 exhibit lower KSE values because of the high
network density. It reveals the likely presence of redundant
stations in that region. However, in the north-western,
eastern and south-eastern part of the catchment, it is
observed that the network density is comparatively less
and therefore requires placement of the additional stations to





and 19) in the high variance areas
369 163 5 806 421
374 495 5 811 531
378 494 5 817 084
370 385 5 802 755
372 051 5 809 531
377 494 5 816 418
369 163 5 806 421
370 385 5 802 755
369 163 5 806 421
372 051 5 809 531
369 163 5 806 421
377 494 5 816 418
374 495 5 806 421
370 385 5 802 755
374 495 5 806 421
377 494 5 816 418
378 494 5 806 421
372 051 5 809 531
tations 5 and 6) in the high variance areas
361 276 5 837 856
355 278 5 829 747
361 276 5 806 421
355 278 5 802 755
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OPTIMAL RAIN GAUGE NETWORK DESIGN IN THE MIDDLE YARRA RIVER CATCHMENT
© 2014 The Authors. Hydrological Processes published by John Wiley & Sons Ltd. Hydrol. Process. (2014)
DOI: 10.1002/hyp
Figure 5. Cross-validation statistics (a)mean standardizedprediction error (MSS), (b) differenceof kriging standarderror (KSE) and rootmean square error (RMSE)and
(c) root mean square standardized (RMSS) for El Niño and La Niña years. MSS and (KSE-RMSE) values close to 0 indicate an accurate model, whereas RMSS value
close to 1 indicates an accurate model
S. K. ADHIKARY, A. G. YILMAZ AND N. MUTTILnetwork affects the kriging interpolated values and the
corresponding KSEmap. The reason is that in areas of sparse
stations, the experimental variogram ismore chaotic in nature
and simulated surface produced by kriging carries large
uncertainties (Journel and Huijbregts, 1978). Therefore, the
placement of additional rain gauge stations in that area will
help to minimize the kriging error and improve estimation
accuracy that leads to an optimal rain gauge network.
According to the aforementioned considerations, two
cases were considered, and further analysis was performed
using the kriging method:
• Case-1: Optimal positioning of additional stations in
the high variance areas. In this study, stations 18 and 19
installed by BoM in the network after 2011 were
considered as additional stations, and determining their
optimal locations was explored.© 2014 The Authors. Hydrological Processes published by John Wiley & S• Case-2: Redundant stations are either removed or are
optimally relocated from low to high variance zones in
the network. In this study, stations 5 and 6 in the
network before 2011 (i.e. BoM’s base network) were
identiﬁed as redundant stations from Figure 4, and
determining their optimal locations was explored.
Based on the aforementioned two cases, additional
(stations 18 and 19) and redundant (stations 5 and 6) stations
were placed in the high variance zones of the network after
2011, and their corresponding locations are shown in
Figure 4. This results in a number of possible combinations
for locating rain gauge stations that are given in Table III.
This will allow one to check the optimality of the BoM’s
augmented network (i.e. network after 2011). This enables a
decision maker to select the best combination of the number
and location of stations in the network after 2011 that yieldons Ltd. Hydrol. Process. (2014)
DOI: 10.1002/hyp
Figure 6. Relative error (RE) reduction for different combinations of
stations in the network after 2011
Figure 7. Devised optimal rain gauge network in the Middle Yarra River
catchment
OPTIMAL RAIN GAUGE NETWORK DESIGN IN THE MIDDLE YARRA RIVER CATCHMENTthe highest reduction in KSE and hence the best network
output and estimation accuracy. However, the remaining 17
rain gauge stations in the BoM’s base network (i.e. network
before 2011) were not relocated in the subsequent network
augmentation because it is not practically feasible to relocate
all existing rain gauge stations.© 2014 The Authors. Hydrological Processes published by John Wiley & SAfter selecting potential rain gauge sites in the high
variance zones, rainfall values were estimated in those
locations by kriging prediction. Predicted rainfall values of
additional and redundant stations for scenarios 1 and 2 were
combined with observed rainfall datasets of the remaining
stations. Therefore, each combination of rain gauge stations
got individual rainfall datasets. For each combination,
exploratory data analysis, checking of data normality and
variogram modelling were performed again for El Niño and
La Niña years. Summary of the exploratory data analysis
and data normality conditions for all rainfall datasets is
given in Table IV. It can be seen from Table IV that in most
cases of the El Niño year, the skewness values of rainfall
datasets are close to zero, and hence, no transformation was
necessary. However, log transformation was applied to the
remaining datasets that were positively skewed, and it was
found that skewness values approached to zero after log
transformation. Furthermore, the K–S test conﬁrms that the
spatial datasets for all combinations have accepted the
normal distribution in the 95% conﬁdence level for both El
Niño and La Niña years. Therefore, rainfall datasets for all
trial combinations exhibit a normal distribution and are thus
ready for further analysis.
Summary of the variogram modelling and cross-
validation statistics for all rainfall datasets is provided in
Table V and Figure 5, respectively. As seen from Table V,
the exponential variogram model gives satisfactory result
for all trial combinations in the La Niña year as well as for
most cases in the El Niño year and thus can be applied
further for the kriging analysis. The results also indicate
that gaussian and spherical models produce satisfactory
results for few combinations. The cross-validation statis-
tics show that the unbiased and consistent estimates of
variances are achieved for all rainfall datasets in the
El Niño and La Niña years.Optimal design of rain gauge network
For rain gauge network design, KSE values were computed
for the network before 2011 and network after 2011. Although
the estimation error and variability were reduced in some
parts of the network, a number of regions exhibiting high
KSE were still present. Rain gauge stations (additional and
redundant) were placed at areas having higher values of
KSE, and the process was repeated until the KSE values
could not be reduced further. In this way, the process was
repeated for a number of trials where the network was
optimized with different combination of stations having
individual rainfall datasets. The sites that resulted in the
most signiﬁcant reduction in KSE values were identiﬁed as
the locations for placing additional as well as redundant
stations. In the methodical search procedure, to obtain the
optimal network for case-1, attempt was made ﬁrst by one
additional station (either station 18 or 19) and thenwith bothons Ltd. Hydrol. Process. (2014)
DOI: 10.1002/hyp




Estimated mean rainfall (mm)
for the rain gauge network
Error (%) obtained





El Niño year La Niña year El Niño year La Niña year
BoM Optimal BoM Optimal BoM Optimal BoM Optimal
Case-1 1.946 3.541 1.905 1.904 3.509 3.526 2.2 2.2 0.9 0.4
Case-2 1.946 3.541 1.905 1.949 3.509 3.520 2.1 0.2 0.9 0.6
Case-1: Optimal positioning of new additional stations (stations 18 and 19) in the high variance areas
Case-2: Relocating and optimal positioning of redundant stations (stations 5 and 6) to the higher variance areas
BoM, Bureau of Meteorology.
S. K. ADHIKARY, A. G. YILMAZ AND N. MUTTILadditional stations (stations 18 and 19 together). Similarly,
the optimal network search procedure for case-2 followed
the relocation of one redundant station (either station 5 or 6)
and then with both redundant stations (stations 5 and 6
together). The computation was performed for both the
El Niño and La Niña years, and corresponding KSE values
were estimated to compute theKSE reduction (Figure 6). As
expected, the estimated KSE for different combination of
stations was reduced as the number of stations was
optimally combined that led to the optimal rain gauge
network. Figure 6 shows that KSE values have decreased as
the network is optimized with different combination of
additional and redundant stations.
The result for case-1 demonstrates that high variance
regions in the KSE map was deﬁned by station
combination of trial 7, which had the maximum reduction
in KSE values. As seen in Figure 6, the maximum
reduction in the KSE was obtained for this particular
combination for both El Niño and La Niña years.
Therefore, the optimal locations of the additional two
stations in the network after 2011 (BoM’s augmented
network) can be represented by the station combination of
trial 7. However, the result obtained for case-2 indicates
that relocation of only one redundant station (station 5)
deﬁned by station combination of trial 13 in the high
variance zone results in the maximum reduction in KSE
values. It is interesting to note that relocation of both
redundant stations (stations 5 and 6 together) deﬁned by
station combination of trial 15 in high variance zones
gives a similar reduction in the KSE value. However, this
alternative is less preferred because relocation and
re-installing of a rain gauge station is associated with
cost and manpower. Thus, the accepted feasible solution
is the station combination deﬁned by trial 13 for case-2 is
selected as the optimal positioning of redundant stations.
In this way, the optimal rain gauge network is achieved
for the Middle Yarra River catchment, which is shown in
Figure 7. The optimal rain gauge network consists of 19
stations, which includes the original 16 stations (stations
1–4, 6, 7–17), the redundant (station 5) station from the© 2014 The Authors. Hydrological Processes published by John Wiley & Snetwork before 2011 and two additional stations (stations
18 and 19) from the network after 2011 with their
corresponding new locations.
The BoM’s existing rain gauge network (Figure 1) and
the designed optimal rain gauge network in this study
(Figure 7) demonstrate that the optimal rainfall network
provides more accurate estimates of areal average and
point rainfalls in the Middle Yarra River catchment
(Table VI). Although the improvement is insigniﬁcant in
terms of mean daily rainfall scale as compared with actual
datasets, the devised optimal network improves the areal
average as well as point rainfall estimates. Therefore, it
can be used for relevant hydrological applications.CONCLUSIONS
On the basis of the results obtained in this study, the
following conclusions can be drawn:
• The spatial structure and continuity of the rainfall data
were modelled by using thee different variogram models
(exponential, gaussian and spherical) for the selected El
Niño and La Niña years. Cross-validation statistics were
applied to test the validity of different variogram models
and adequacy of estimated model parameters to be used
for kriging applications. The results show that an isotropic
gaussian model had the best ﬁt with the experimental
variogram generated from the mean daily rainfall datasets
for both the network before 2011 and network after 2011.
• Kriging error map produced by OK shows that locations
adjacent to the rain gauge stations exhibit lower error,
whereas higher error is found in regions having less or no
stations. It can be concluded that additional stations are
necessary in regions that lack rain gauge stations and
should be located accordingly to reduce the kriging error.
• It was found that if the additional stations (stations 18 and
19 together) installed in the network by BoM after 2011
are optimally located (as indicated in Figure 7), then the
network yields improved estimates of areal average andons Ltd. Hydrol. Process. (2014)
DOI: 10.1002/hyp
OPTIMAL RAIN GAUGE NETWORK DESIGN IN THE MIDDLE YARRA RIVER CATCHMENTpoint rainfall for the La Niña year only, whereas no
improvement could be achieved for the El Niño year.
• It was also found that if BoM’s installed additional
stations (stations 18 and 19 together) were considered
to be in their original positions in the network after
2011, and only one redundant station (station 5) was
optimally located without relocating other existing
stations, the network yielded signiﬁcant improvement
in areal average and point rainfall estimates for both El
Niño and La Niña years.
• Thus, this study has developed an optimal rainfall
network for the Middle Yarra River catchment that
consists of an optimal combination of rain gauge
stations with the capability of providing more accurate
areal average as well as point rainfall estimates.
The main recommendation arising from the results
obtained in this study is to instal and maintain additional
and redundant rain gauges in the Middle Yarra River
catchment at locations indicated in Figure 7. It is not
necessary to relocate the other existing rain gauge stations
in the current network because of the associated costs.
The concept proposed in this study for optimal design of
rain gauge network through combined use of additional
and redundant stations together is equally applicable to
any other catchment.ACKNOWLEDGEMENTS
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